Abstract: This paper investigates energy efficiency with the presence of undeniable outputs, efficiency gaps across regions, and determinants of inefficiency of the Chinese Iron and Steel (IS) industry by combining hybrid measure technology and the meta-frontier approach. Empirical results obtained from analyses based on panel data spanning 2010-2015 reveal the necessity of green transition of the IS industry. Simultaneously addressing power supply, environmental impacts, and value creation of energy is still one of the most formidable challenges facing the IS industry nowadays. Moreover, distinct spatial heterogeneity in technology exists extensively across the regions. Energy efficiency of the IS industry in the eastern region performed the best, whereas the central and western areas fell behind due to the intension of managerial failure and expansion of the technology gap. Based on the findings, general and regional-specific policy implications and suggestions are posited.
Introduction
With its significant economic, environmental, and strategic attributes, efficient and green utilization of energy resources is central to sustainability and continuous prosperity for society at all levels. Enhancement of energy efficiency is identified as the key strategy as well as a critical approach to achieving green growth by the international society [1] . As the biggest emerging country in the world, China's economic development has made remarkable achievements but they have come at the expense of extensive energy consumption and environmental degradation. Among all the sectors, the iron and steel (IS) industry has been one of the most energy-intensive and environmental-damaging industries, along with the industrialization, urbanization, and internationalization in the country.
Being the largest iron and steel producer worldwide, China's IS sector is facing dual pressures from domestic and abroad to become "green", especially in the "post-financial crisis era" and the "post-Copenhagen era" [2] . Internationally, the Chinese IS sector contributed almost half of the total carbon emissions of the global IS sector, accounting for about 29.3% of global coal consumption, and is the largest final energy consumer worldwide (249 MTOE) followed by India (55.2 MTOE), Russia (32 MTOE), Japan (22.2 MMTOE) , and the United States (16 MTOE) [3] . Nationally, according to the China energy statistics yearbook, the yearly proportion of the IS's energy consumption was about 15% of national total energy consumption in 2015 and the industry ranked as the third largest industrial CO 2 emitter in China [4] . Although the IS industry has achieved important efficiency gains during the past two decades due to technical progress and policy guidance [5] , the energy utilization efficiency is still lower compared to advanced economics and even the average standard globally [6, 7] . Thus, energy efficiency improvement of the IS industry plays a significant role in facilitating the green growth and development of the sector and even the macro economy as a whole. Against this background, the 12th five year plan for the Chinese IS industry released in 2011 set explicit targets on IS industrial resource efficiency by indicating that the comprehensive energy consumption per ton of steel should reach 580 kg standard coal equivalent and the comprehensive utilization of industrial solid waste should be 97% [8] . In the meantime, green transition of resource-intensive industries with high environmental impacts, including the IS industry, was emphasized in the national strategy of "Made in China 2025". Therefore, a comprehensive estimation of efficiency level, observation of regional efficiency differences, and identification of efficiency gap determinants are in great need to help the Chinese IS sector achieve efficiency gains.
The remainder of this paper is organized as follows. Section 2 provides an overview of literature and research gaps. Section 3 illustrates the methods and models used for efficiency measurement while Section 4 presents selected input-and output variables, the data set, and empirical results. Section 5 provides the conclusion and some policy recommendations.
Literature Review
Two oil crises in the 1970s directed attention worldwide to energy efficiency. In light of energy security and safety, approaches and paths for improving the economic efficiency of energy sources were extensively discussed. Various energy efficiency indicators were introduced to measure the level of energy utilization to offer policy suggestions regarding energy management [9] . Among others, energy intensity (EI), measured as energy consumption per unit of GDP, was introduced and applied on both macro, mezzo, and micro levels [10] . Based on the concepts of total factor productivity (TFP) and Data Envelopment Analysis (DEA), the total factor energy efficiency (TFEE) concept was developed by Hu & Wang in 2006 [11] . This updated framework addresses the shortcomings of EI by incorporating capital and labor inputs into the estimation, as opposed to considering single contribution of energy itself.
In the 1980s, negative externalities of energy application received great attention in both theory and practice. Climate change caused by greenhouse gas (GHG) emissions mainly coming from fossil fuel combustion has been identified as a "wicked problem" and is currently the focus of intra-governmental negotiations [12] . Against this background, energy efficiency gains have been identified as the key approach to conserve resources and reduce emissions simultaneously [13] [14] [15] [16] . Undesirable outputs introduced by energy consumption such as carbon emissions, sulfur dioxide emissions, waste water, or smoke dusts have been incorporated into industrial efficiency evaluation frameworks in recent years [17, 18] , and the absence of energy-related undeniable outputs could result in biased efficiency estimations. There are a number of examples of this [19] . Özkara and Atak levered four DEA-based models to evaluate regional total-factor energy efficiency with the presence of emissions and pollutants of manufacturing industry in Turkey [20] while Wu et al. constructed a two-stage DEA model to investigate the efficiency level of Chinese industries considering emission of pollutants during the process of value adding [21] . Zhang et al. used crude steel production as expected good output and sulfur dioxide emissions as undesirable bad output to compare IS firms' energy efficiencies in Asian countries using a SBM (slack based measure)-undesirable DEA model [22] . Perez et al. compared three types of DEA models in dealing with undeniable outputs when investigating energy efficiency of the Chilean manufacturing industry [23] .
Collectively, in terms of analytical framework, environmental impacts have been considered when estimating energy efficiency to reflect the concept of green development [24] , however proxies of such externalities vary from research to research. In terms of analytical methods, DEA-based techniques have become the most mature and widely-used approaches to conduct the measurement, yet few studies have been done using hybrid techniques of DEA. In terms of analytical perspective, regional differences of energy efficiency have been noticed [25] , but little research has been done regarding the significance of efficiency gaps or the heterogeneous determinants of inefficiency in various regions. This paper aims to enrich the existing literature in the following facets: first, a state-of-the-art undesirable hybrid measure is utilized to evaluate energy efficiency with the constraints of typical wastes; second, heterogeneity of regional production technologies is considered to investigate efficiency gaps among regions as well as potential in efficiency gains of eastern, central, and western China; and last but not least, decomposition of energy inefficiency is conducted to identify divergent determinants of efficiency loss of various regions. In doing so, context-specific suggestions are proposed to enhance efficiency gains of the IS industry.
Methods and Models

Hybrid Measure of Efficiency
The Data Envelopment Analysis (DEA) approach, a non-parametric linear programming method, is employed to finish the efficiency evaluation [26] . The main branches of DEA approaches are radial and non-radial measures that are represented by the CCR (Charnes, Cooper, and Rhodes) model and the SBM (slack-based measure) model, respectively [27] . However, the former ones have a strict assumption of proportionate contraction and so cannot handle undesirable outputs properly, while the latter ones have looser assumptions on proportional change and fail to match calculation results with actual situations when processing positive and zero values [28] . In order to address the drawbacks of the aforementioned problems, Tone and Tsutsui proposed hybrid measure models that combine radial and non-radial measures and can deal with undesirable outputs simultaneously [29] . This study proposes an Undesirable-Hybrid-Measure (UHM) model by referencing [30] based on the basic models offered by Tone and Tsutsui. Energy efficiencies of decision-making units (DMUs, the term is loosely used for organizations, plants, or firms, etc., and represents the IS firms in this study) with bad outputs are conducted.
The programming formula for any decision-making unit DMU 0 is expressed as follows [30] : 
Subject to
where ρ 0 is the efficiency value of a given DMU 0 , while λ, m, and s are the intensity vector, input number, and output number, respectively. Additionally, θ, φ, and ϕ are radial parameters of the model while S is short for Slacks, respectively. "NRg" and "NRb" are the abbreviations of "non-radial good (i.e., desirable)" and "non-radial bad (i.e., undesirable)", respectively. Further, X ∈ R m×n and Y ∈ R s×n are the input and output metrics. Hence, the input matrix can be decomposed into a radial part as X R ∈ R m1×n and a non-radial part as X NR ∈ R m2×n with m = m1 + m2. Analogously, the output matrix will be re-decomposed into the desirable radial part, undesirable radial part, desirable non-radial part, and undesirable non-radial part as Y Rg ∈ R s1×n , Y Rb ∈ R s2×n , Y NRg ∈ R s3×n , and Y NRb ∈ R s4×n , respectively. An envelope frontier or "best practice" in the set of DMUs, is then formed to indicate the efficiency level of each DMU. Here, a DMU at the frontier will have an efficiency ratio of 1, whereas those located under the frontier with efficiency values between 0 and 1 are relatively inefficient [31, 32] .
Meta Frontier Analysis
Traditional DEA analyses take all DMUs unanimously, neglecting the heterogeneity of production technologies among objects under observation. However, divergent context settings in the real world-including economic scale, resource endowment, industrial structure, market conditions, legal constraints, degrees of openness, and geographical environment-usually result in divergent technologies selections of DMUs, which is also known as "heterogeneity of production technology". Against this background, Hayami and Ruttan [33] proposed a meta-production function to incorporate technological differences among economies into a productivity evaluation. O'Donnell et al. [34] further combined the meta-frontier concept with the DEA method, which has laid the foundation of meta-frontier efficiency estimation and has been used to investigate efficiency gaps and enhancement potential of divergent DMUs [35] .
Regional production technology is directly related to the level of its economic development, and technology diffusion usually follows a geographically contiguous pattern [36] . In light of the regional economic development differences in China, this paper utilizes the meta-frontier approach to identify IS industrial efficiency in different areas. Therefore, all DMUs (i.e., IS firms being observed) in this study are divided into multiple sub-groups according to their locations. In so doing, two productivity frontiers (i.e., meta-frontier and group frontier) are formulated and indicated by T meta and T k , respectively. The meta-frontier consists of all the DMUs, whereas a group-frontier only includes DMUs in a given group. Technological gaps between actual efficiency (i.e., efficiency scores estimated under a group frontier) and potential efficiency (i.e., efficiency scores estimated under the meta-frontier with all DMUs as subject) are then estimated to identify the DMUs' potential efficiency gains. The meta-frontier methods are also applicable to observe the inefficiency causes of divergent groups.
All the DMUs in this study are divided into k (k = 3) groups by their geographic locations, namely the eastern, central, and western China. Two production technology sets, T k and T meta are then obtained and T meta = T 1 ∪ T 2 ∪ ...T k (i.e., T k ∈T meta ). For any group k, if there is (m1, m2, s1, s2, s3, s4) ∈ T k , thus (m1, m2, s1, s2, s3, s4) ∈ T meta . Energy efficiency derived under the meta-frontier and energy efficiency derived under a group frontier are represented as MEE (meta-frontier's energy efficiency) and GEE (group-frontier's energy efficiency), respectively. Accordingly, the technology gap ratio (TGR) for any DMUn in group k can be drawn using the following formula:
where MEE n and GEE k n are energy efficiency calculated based on meta production set and group production set by means of the Undesirable Hybrid Model in Equation (1), respectively. TGR derived from Equation (3) represents the difference between energy efficiency of the nth firm in the kth group under two frontiers. Apparently, the efficiency obtained under the meta-frontier with all DMUs as peers is no higher than that obtained under group frontier with only DMUs within a certain group as peers, and MEE n ≤GEE k n (i.e., TGR ∈ (0, 1]). The more TGR close to 1, the smaller efficiency gap is, and vice versa. The smaller TGR is, the efficiency gain potential is bigger. Figure 1 illustrates the concepts of meta-frontier, group frontiers, and technology gap ratio. Assume that a certain DMU belongs to group 1 and operates on point A. The projection of A under the group frontier and meta-frontier is B and C, respectively. The CEE of the DMU is equal to the ratio of OE/OF when measured relative to group 1's frontier, and the MEE of the DMU is equal to OD/OF when measured relative to the meta-frontier. The TGR of point A is then measured by the ratio of OD/OE [35] .
Furthermore, total efficiency loss caused by TGR is expressed as energy inefficiency relative to the meta-frontier (MTI). MTI consists of technological gap inefficiency (TGI) and managerial inefficiency (MI) [37] .
(1 )
where values of TGI and MI are all between 0 and 1, and the smaller the better. Generally, technology inefficiency originates from technology gaps among different regions and can be addressed through technology spillover and/or self-dependent innovation. Managerial failure is usually introduced by inefficiency of resource allocation. For example, inefficient utilization of fossil fuels will not only directly result in large amounts of carbon emissions, but will also lead to the release of indirect pollutions during the production, transportation, and consumption processes. Government inefficiency or a lack of government regulation on energy and environmental administration also contribute to managerial failure and cause efficiency loss in general.
Empirical Analyses
Variables and Data
Considering the accuracy and availability of financial, energy, and environmental data, this paper collects data from 51 Chinese IS firms located in eastern, central, and western China during 2010-2015. The sample covers the major IS enterprises in the country and accounts for more than two thirds of yearly total crude steel, while the time window covers a critical phase including the 12th Five-Year period after the global financial crisis, resulting in a high reliability and validity of the research design [38] . Assume that a certain DMU belongs to group 1 and operates on point A. The projection of A under the group frontier and meta-frontier is B and C, respectively. The CEE of the DMU is equal to the ratio of OE/OF when measured relative to group 1's frontier, and the MEE of the DMU is equal to OD/OF when measured relative to the meta-frontier. The TGR of point A is then measured by the ratio of OD/OE [35] .
Empirical Analyses
Variables and Data
Considering the accuracy and availability of financial, energy, and environmental data, this paper collects data from 51 Chinese IS firms located in eastern, central, and western China during 2010-2015. The sample covers the major IS enterprises in the country and accounts for more than two thirds of yearly total crude steel, while the time window covers a critical phase including the 12th Five-Year period after the global financial crisis, resulting in a high reliability and validity of the research design [38] .
Identifying key features of variables in multi-criteria decision making analysis is critical [39] . To evaluate the energy efficiency of the Chines IS industry, this study chooses the following variables as proxies of inputs and outputs following the studies of [40, 41] . Furthermore, to fulfill the aforementioned research gap, the radial and non-radial attributes of variables are also identified by referencing [42] . For any firm in a given year, it uses non-radial inputs of capital (represented by net fixed assets), labor (represented by number of employees by the end of year) and radial input of energy (represented by total energy consumption) to generate non-radial expected output of economic income (represented by value added of products) and radial undesirable output of environmental impacts (i.e., typical constraints represented by the three industrial wastes, namely, waste gas, waste water and solid waste).
The statistical definitions of the variables are defined by the China Iron and Steel Association (CISA). For example, waste water contains volatile phenol, cyanide, petroleum, suspended matter, and ammonia nitrogen. Solid waste includes steel slag, blast furnace slag, and dust sludge. Waste gas mainly consists of sulfur dioxide, smoke and dust, and nitrogen oxides [43] . The data are obtained from the following reports: the Environmental Protection Statistics of China's Iron and Steel Industry, Annual Financial Report of Large and Medium-sized Metallurgical Enterprises [44] , and Statistics on Energy Conservation and Environmental Protection of China's Iron and Steel Industry [45] . In total, 357 observations are collected to finish the empirical tests in the study, and a statistical description of the sample is presented in Table 1 . 
Estimation of Energy Efficiency
Energy efficiency scores under both meta-frontier (i.e., MEE) and group-frontier (i.e., GEE) of the firms are estimated based on the UHM and meta-frontier models discussed in Section 3. Specifically, the concept and method of meta-frontier analysis allows us to discuss empirical results on both national and regional levels. Furthermore, the output-oriented model is chosen as the calculations can reflect the concept of delivering greater value (i.e., economic output) with lesser environmental impacts (i.e., industrial pollution) [46, 47] . The results of the yearly average mean of MEE, GEE, and TGR of China's IS and IS in different regions are reported in Table 2 .
The results in Table 2 shows that energy efficiency scores of China's IS industry ranged from 0.53 to 0.7 during the observation period but dropped in 2012 and 2015. Due to the after effect of the "$4 trillion investment" in 2009 and 2010, the IS industrial capacity utilization reached a low point when the market demand declined in 2011 and 2012 [48] . Despite rebounding in 2013-2014, the national industrial efficiency score dropped dramatically in 2015 due to dual challenges coming from strict environmental regulations represented by the new Environmental Protection Law released in 2014 and the decline in both demand and production price during 2014-2015 [49] . In addition, regional differences of energy usage capacity were also significant when the meta-technology set was used as the basis of evaluation. Firms in eastern areas performed best with an average mean of 0.72, followed by firms in central areas with an average mean of 0.67. Firms in western China were not energy-efficient compared to firms in the other regions. Although trivial distinctions were found among the three regions under the group-technology set when the efficiency scores (i.e., the GEE) of the three regions were all in the range of [0.73, 0.87], the differences between efficiency scores of the two frontiers are considerable, especially for the western IS industry. As can be seen in Table 2 , the average technology gap ratios (TGRs) of firms in the west were only 0.65, whereas the TGRs of the eastern firms almost reached 1. This outcome demonstrates that the eastern areas took a lead in terms of technology level, and the other two areas fell behind. Regarding the changes of TGR scores, technology gaps between firms in central China were shrinking, whereas the technology gaps between firms in western areas were widening over time. This outcome implies that firms in central regions had been moving towards the best technology frontier (i.e., the best efficiency level/production technology related to the meta-frontier), whereas firms in western regions had been moving away from the best technology frontier. A Kruskal-Wallis rank sum test was then utilized to investigate the differences of TGRs among the regions, and the null hypothesis was rejected at a significant level of 1%, indicating the remarkable existence of technology heterogeneity across the three grant regions [50] . This outcome also implies the existence of an "energy curse" in western China. Fortunately, a great potential of efficiency gains for firms in the undeveloped areas was identified as well.
Decomposition of Energy Inefficiency
To identify causes of energy inefficiency as well as total efficiency loss for the IS industry in various regions, the paper further employs Equations (4)- (6) to obtain the technological gap inefficiency (TGI), managerial inefficiency (MI), and meta total inefficiency (MTI) of the IS firms. The average mean of scores of TGI, MI, and MTI on national level and regional level are presented in Table 3 . It can be seen from Table 3 that the average mean of efficiency loss (MTI) of the Chinese IS industry was about 0.35 during the observation period, and the MTI was relatively large in 2012 and 2015, respectively. This outcome is also consistent with the findings on MEE in the previous section. On average, technology failure and managerial failure accounted for about 39% and 61% of efficiency loss, respectively. Accordingly, allocative efficiency and managerial capability of IS industrial administration should be given more weight compared to technological innovation in the field.
For the eastern IS industry, the MTI was rather low with an average mean of 0.277, and the efficiency loss in the area mostly originated from managerial failure, as it accounted for more than 97 percent of energy loss, as opposed to technical inefficiency. A similar situation also happened in IS firms in the central areas as technological inefficiency and managerial inefficiency contributed about 72.7% and 27.3% to efficiency loss, respectively. On the other hand, energy inefficiency in the western areas was caused mainly by lagging technology, accounting for about 70 percent of the recorded efficiency loss. The managerial failure cost was relatively low in the western areas and accounted for about 30 percent of the efficiency loss.
Results obtained in this section show that technology diffusion between firms of the developed areas and the more backward areas will contribute to efficiency gains in the non-eastern regions, especially in the west. Meanwhile, improvement in allocative efficiency and energy-environmental administrative capacity will play more important roles than technical progress does in efficiency gains for firms in the advanced regions, especially the eastern provinces (cities).
Conclusions and Policy Implications
Conclusions and Discussion
This paper explores the energy efficiency and the inefficiency causes of the Chinese IS industry during the period of 2010-2015 from the perspective of technology heterogeneity. Undesirable hybrid measure is combined with meta-frontier analysis in the paper to estimate energy efficiency with the presence of undesirable environmental impacts, changing trends of efficiency stages in divergent regions, efficiency gaps across the country, and divergent causes for efficiency loss in various areas.
The empirical tests reveal interesting findings regarding the Chinese IS industry during the observation period: Existence of energy trilemma. Collectively, a slight declining trend was found for energy efficiency with the presence of environmental impacts of the industry, indicating the energy trilemma (i.e., simultaneously achieve value creation, energy saving, and pollution abatement) faced by the industry is still grave and the green transition target of the industry is also imperative. Regional differences and efficiency gains potential. The average efficiency level of the IS industry in eastern areas was the highest, followed by central and western areas, indicating a notable advantage of firms in advanced regions and a large potential in backward provinces (cities) regarding energy conservation and emission reduction. Widening of technology gaps. Technology gaps across the three grant regions were notable with the advanced areas holding the best practice frontier and the backward regions away from the optimal frontier. Divergent causes of inefficiency. The causing factors of efficiency loss were also divergent in different contexts as MTIs in eastern and central China were attributed to managerial failure, yet the MTIs in western China were attributed to technology inefficiency. Consequently, the west could significantly improve efficiency by addressing the technology gaps, while the central and eastern regions should pay more attention to managerial enhancement.
Suggestions for Efficiency Gains
General and context-specific policy suggestions are further posited in the following part based on the implications of the empirical analyses.
First, the green development strategy in the IS industry should be reinforced. The concept of "Greenization" was coined as the fifth national development strategy in 2015, followed by a distinct formulation of "green development" in the 19th session of National Congress of the CPC in 2017 [51] . For the IS industry, a series of administrative instructions aimed at energy-saving and emission reduction can be found in the 12th five-year plan for the IS industry, the "de-capacity" policy, and revised norms of the IS industry [52] . However, holistic guidance and a roadmap are still absent. Therefore, a comprehensive green development strategy as well as multi-stage, multi-dimensional, and multi-scale plans are in great need to steer the transition of the industry.
What's more, green governance of the IS industry should be enhanced. As inferred from the empirical findings, managerial failure accounts for a remarkable proportion of energy inefficiency both on national and regional levels, especially for the advanced areas. Against this background, priorities should not only be given to technology progress and production capacity, but also to governance capability. Advanced managerial concepts, strategies, and approaches including proactive environmental strategies, corporate social responsibility management, and environmental management systems should be advocated on macro, mezzo, and micro levels. Meanwhile, the focus of future work should also include further promotion of market-oriented reforms and toolkits represented by ownership structure reform, energy price reform, and carbon pricing schemes.
Finally, green technology spillover effects should be encouraged. The Chinese government has committed to promoting technology innovation and fostering balanced regional development. Technology progress, especially the innovation, utilization, and expansion of cleaner production and pollution abatement technologies, has contributed greatly to the productivity enhancement of the IS industry. However, regional technology distance has widened over time, causing major efficiency loss and harming the development of the industry as a whole. Therefore, spillover effects associated with advanced technology of energy conservation and emission reduction originating from advanced areas should be further emphasized to narrow the gaps to boost the green transition of the Chinese IS industry.
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